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Abstract Pedestrian trajectory prediction plays a vital role in intelligent city construction and public crisis
management.Distinct from the single trajectory prediction which rely on strong temporal correlation, in the
complex scenes, the trajectory reflects not only the temporal characteristics of a single person, but the
interactive features between human and other moving objects nearby. Therefore, how to deeply describe such
temporality and interactivity, and then to generate accurate trajectory prediction results according to the change
of the scene has become a major problem in the field of trajectory prediction today. In recent years, deep
learning has attracted great attention and achieved success in the trajectory prediction tasks. However, most of
these methods capture the influencebetweenpedestrians from single view, and theyfail to consider the
multiplefactors which have effect on the decision of pedestrians, such as go straight or turn.To this end, in this
paper, we propose a multi-head attention generative adversarial model (MAGAM) which combines the
multi-head attention mechanism and the generative adversarial network to model the pedestrian trajectory in
thecomplex scenes.Specifically,the MAGAM model employs multi-head attention mechanism with relative
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displacement information to learn the attentive weight of subspace features in the whole trajectory feature space
on different aspects, to realize the characterization of the interactive trajectory features that resulting from
mutual influence between pedestrians. Moreover, the adversarial generation strategy and multi-trajectory
generation strategy are used to achieve the reasonable generation of individual moving trajectory in the complex
scenes.During the train process,the generator firstlyextracts the personalized temporal features of pedestrians
from historical observation sequences with long short-term memory (LSTM) based encoders. Secondly, the
locations of pedestrians and temporal features are integrated into the multi-head attention model to learn the
different weights and output the interactive state of the pedestrians. Thirdly, the interactive states and the
Gaussian noise are feed into the LSTM-based decoders togenerate multiple prediction trajectories.Then the
discriminators are employed to judge whether the input trajectory belong to the truth trajectory or generated
trajectory as much as possible. By training with the adversarial mechanism, we could obtain the approximate
truth results when model convergences. Finally, in order to estimate the performance of the proposed model,
weconduct the experimentson two public datasets (ETH and UCY) which are widely used in the trajectory
prediction tasks. We evaluate the prediction resultsbased on three evaluation indicators: theaverage
displacement error,the final displacement error, and the average no-linear displacement error. Compared with
the existing trajectory prediction methods, the three metrics of the MAGAM model on all the datasets reduced
by 26.90%, 21.02% and 24.06% on average. Andthe prediction resultsand the interactive scenes among
pedestrians are visualized and analyzed which demonstrate the rationality of the results.Additionally, the
performance of the MAGAM model including the average convergence accuracy, theaverage convergence
timeand the average prediction time is verified through related experiments, compared with the baselines, the

MAGAM model gets the longest convergence time and prediction time.

Key words complex scene; trajectory prediction; multi-heads attention; positional encoding; adversarial
generation
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55 SHEE FEREA MO 1. 10 i 20 HEATRUBVE(, UB 2
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AT A KRBT T 25 Al 5 ’ : H

BB 4. SHMRALEIEN 8. %R
T HT A S A DL ) 5:4:1 R0 IR fﬁ?iﬁé&;ﬁ%%@%ﬁﬁ@ﬁiig
AR, 1L 8 AN 15 K47 481, " o

X . , . R v, HENEZRAS N 1x 1073, NERERR
M LS K 0ds. ki AT 8 Azl o S PRAERAREIY 1 IIZHIE L
L ey e S S B 200, HEALE AN 32, AU
S, AR 8 AN 2T B, T ovtoreh [E75. £ NVIDIAGPU OTX1080 11 114
U £ REACAE LR CR, SoR B T R gﬁﬁ ”“
BEACE AN, 2RI i 2 REURE, 4 53k i
3+ 2 FHAEERZ BRI IEFREE RATEL

MAGAM
Eitan Dataset LSTM S LSTM S_GAN-VP20
Samples =1 Samples =10 Samples =20
Zaral 0.27 0.27 0.22 0.28 0230 0.20(13.04%)
Zara2 0.33 0.30 0.27 0.23 0.20 0.18
University 0.35 0.49 0.46 0.41 0.34 035
ADE
Eth 0.93 0.87 0.69 071 0.67 0.63
Hotel 0.55 0.47 0.50 054 ¢ 0.41 (24.07% o) 0.36
Average(l) 0.49(30.61% ) 0.48(29.17%) 0.43(20.93%) 0.43V 037(13.95% V)  0.34(8.11%)
Zaral 0.58 0.63 0.45 052 0.46 0.41
Zara2 0.68 0.65 0.57 0.42 0.41 0.36
University 0.73 1.04 0.96 1.06 1.01 0.75
FDE
Eth 1.76 1.70 1.20 1.32 1.30 1.29
Hotel 1.09 0.94 0.98 1.05 0.80 0.82
Average(l) 0.97(24.74%)  0.99(26.26%) 0.83(12.05%) 0.87 0.80 073
Zaral 0.35 0.31 0.20 0.27 0.21 0.17
Zara2 0.33 0.28 0.18 0.19 0.18 0.15
University 0.58 0.68 0.50 055 051 0.46
AnIDE
Eth 1.81 1.69 1.29 1.28 1.26 1.27
Hotel 0.14 0.08 0.07 0.07 0.06 0.04
Average(l) 0.64(34.38%)  0.61(31.15%) 0.45(6.67%) 0.47 0.44 0.42
5.3 TEMHRAE = Lyw )
i ADE = <3N, (T, - T;) (24)
AWFFKH UL =AM A5 KPR MAGAM
e 12 _ 1 ¢tottp t_ sty\2 t_ 5t)2
PR (Ti - Tz) = ;Etztﬁl[(xi = X))+ i —9,)7°1(25)
1) AL = 2 (Average Displacement R e
— L areh A Forpre, RN WL FF B L, t, s TR B2
Error, ADE): FRI/RFTA 1T NI E S AL bR 5 Tl B
W EE AL KR 2 [P L2 2, Hoat &A= e . )
2) &S E %7 (Final Displacement Error,

P FDE): %R 7 A T 2 s Al 5 2035
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FDE =13 (1 -1%)"  (29)
(Titp - Titp)z = (xitp B ’?itp)z + (yitp - ?itp)2(27)

3) “FIAELe A F iR % (Average no-linear
Displacement Error, AnIDE): AnIDE /& ADE /4%
A, RN R AR G Ve X () 1) T 2 L2 1R
ZE o AESEHG H RS /TR (1% 22 2= IR AR 2
U, WSAT FESKEUR FIRITESE. N TR
iE MAGAM AR5 37 55 rh AR B2 A e 1 T
DR, AR SCHET-50 0 1R RO 0 ) A e 1k e
HEH L2 8%,

5.4 FfEERI

A SCAS FH =A™ 28 PR 038 TR0 AR 2 A g 5k
t, SRIGIE MAGAM LR [ Rtk, 58
LSTM, social LSTM LA & social GAN.

1)LSTM A58 AR T N UL s v 27 2
B, TR . S8 o A SR
BEAT R4k, FERR I 28 RN HAFAE SR BB, 1Y
RE T LSTM M gmhd 2%, REAEFREL LA 2 LSTM 1
A, AT N AT M .

2) socialLSTM #i7! (S_LSTM) 1 Alahi %%
NFEH, IR “social " HLEIFRIAT A Z [0 A8 FLA4F
fiE. SEIGHE AT NPT BB S, TR
S 1 P2 78 SO O 177 = 0 i B i O 3 s )
1T NI RS AT AL o

3)Social GAN % (S_GAN) H AgrimGupt
SN, FIHXPUAE BRI T ISR, I
WAL T ESE AT N RIS G R . SRl T
FRELF ) S_LSTM W28, % LSTM BT FE N
AR, FETEAE B LB R, AR
FIA AR IS R
55 SLINERS O
5.5.1 AT NBIE TN 5 22 068 LE 43

ARSEENG 16 AN AL R BT FIE N
—H, W 8 AN ZINE S P s R, AR A
S 8 /NI ZI R IZE, AR A H P TR A A ST
i+5 ADE, FDE DL} AnIDE f645, I 53EHER
RUBEATELRE, VE4HSRIGSE RanE 2 Fis, BAAE
DA L7 T B B2 0

(1) MEEARMERE FORE, MAGAM FALAH
Et LSTM. S_LSTM i1 S_GAN #7#, 7t ADE 4
b b1 355 22 O il BE AR 30.61% , 29.17% Fi

20.93%, fE FDE fakr LBE(K T 24.74%, 26.26%
Al 12.05%, fE AnIDE fgkr LMK T 34.38%,
31.15%71 6.67%. fE ADE. FDE #l AnlDE =/
Fabr b, MAGAM 7Y Ly i b 70 352 7 5P 25 B A1
T 26.90%, 21.02%F1 24.06%. Liksh L,
FHEL TR, MAGAM 7E #8441 RE A it
=] o

(2) M ADE f8#sxf LT CAE H, 7ERKZH
Yyt R LSTM BB fitill iz 2 bk S_LSTM i
i, RER IR ST NI “HE58 1 XF
AT NG BB, 7E R AR 2[R A A R &K R
3R T A R PE . S_GAN fil MAGAM
R PR ZCT LSTM I S_LSTM B8, iF 3@
XA N 4 (R 2, AR RS AR R HER I
T NHLIZE. S_GAN FI MAGAM HERIERE & T 38
HAERPUAE R, ABLE ST AT N AS B A
S_GAN #ERIFIH T 428t Ak J5 i, 75 17 SE s
F ¢ J — A B 24 HADAT N PPIRAS FRAE & i b4k,
BHATRELVE , T MAGAM #E R E A4 %I F1 ] 2 3k
R INUIFEAS HAL S RS E DT N2 TA) (1)
FHRMESZ R 7, IWZ AR 7 THEAT A2
B PR 75 IR P TR [RIRE AR A 20 /ST 328 1) 15
HLUR, MAGAM H2Y (Tl 2t S_GAN LAY
i, UL Z SkiER AIHLEIRE e E 4F i 4247 N2
(B A2 FLARRAIE, AT B SR Y (R HERf 2 . (RIS
1t FDE #5845 b DL EREAI A AH R 4518

(3) 7£ University 35t H LSTM #3850 5 B
4f, H ADE 1 FDE fRbr{E AR T HAMBA . &t
S HTAARERATTAT LR B, University 375 HR )22 4E
TNKZHON R R OIRES, HB sl
AT /N, BT B AT & U i 2D o 721539
5N R AWK, S_LSTM 1 S_GAN
BER FAT NAE H AR PT R 2 7 P 2 0 11
AR A R e ER L AT N, S B R 22 UK
HEEZ T, MAGAM L[] ADE 1 FDE = %5
LSTM AR, Ui MAGAM HAY7E R
% I B TN 2 24T NIAE FARRAE RS BB 2 2
BT N4 22 G R AT R A2, XT38 (1) Z) )
1517 T AMA IS B REAE

(4) XL & AEAIE AnIDE Fa45 L )45 Baf
PLE i, MAGAM HRAY 7 JE 2P 025 1) Tt i
Zetp/ e BT AR M FIE I 3 S AT A A HLS
P, 2 SkIE R N UHITE JAR N i) DABE SR Z I
Z M FEMIZIRAT N Z M A R SR, A2 s il
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A, AT NI R 2 R T .

(5) Xt MAGAM #1584 7F Az B s 0 73
W79 1. 10 F1 20 B R 22, AT RAKREL, SFEAA
B EEM 1 KN 10 B, MAGAM AL
TR ZRE 2 T . UL ADE $845 %1, MAGAM
(samples=10) tt MAGAM (samples=1) f]F-¥)
R ZEPEAIK 13.95%; H iR ZE PR HH ILE Hotel %%
e b, HARZEPER 24.07%. 244 B
10 BEHNZE 20 IF, MAGAM 57 (1) T i 5 A7 33k
— BRI, (HIRZE T REFEE AN 46/ UL ADE
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Background

In this paper, we research the pedestrian trajectory
predictioninthe complex scene, where pedestrian trajectory is
affected by a wide range of factors, such as people nearby and
social relation. Since people have interactions with nearby
moving entity for a period of time, it can be formulated as a time
series problem.We should predict the future trajectory for each
pedestrian based on her/his historical trajectory and the
Therefore,the  most
significant problem of the pedestrian trajectory prediction in the

interactions between the pedestrians.

complex scene is how to model the interaction relation between
the pedestrians. In recent years, many works have been made to
extract the interactive influence between the pedestrians and
LSTM
employed the social pooling to aggregate the interaction

generate the future trajectory.For example, Social

information of each person and predict the trajectory with LSTM.

Social GAN improved the social pooling and predicted with
GAN model. Some researches employed attention mechanism to
learn the interaction relations. They have achieved success in
this task, however, they model the interaction influence of
pedestrians only from single aspect, fail to consider the multiple
aspect influential factors.

Therefore, this paper proposes a multi-head attention
generative adversarial model (MAGAM) to model the multiple
influential factors in the interaction process between pedestrians
in the complex scenes.The MAGAM model consists of a
trajectory generator and a trajectory discriminator. In the
trajectory generator, there are three modules: thetrajectory
encoder, the interactive feature extractor, and the trajectory
decoder. The discriminator is made up of the trajectory
the MAGAM model,the multi-head attention
mechanism with relative displacement information is employed

encoder.In

to learn the attentive weight of subspace features in the whole
trajectory feature space on different aspects, to realize the
characterization of the interactive trajectory features that
resulting from mutual influence between pedestrians. Moreover,
the adversarial generation strategy and multi-trajectory
generation strategy are used to achieve the reasonable generation
of individual moving trajectory in the complex scenes. During
the train process, the LSTM-based encoder and decoder are
employed to extract the temporal features of the pedestrian and

predict the future trajectories, respectively. The discriminators
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are employed to judge whether the input trajectory belong to the
truth trajectory or generated trajectory as much as possible.This
paper conducted experiments on two public datasets (ETH and
UCY). The experimental results show that the performance of
the MAGAM model is superior compared with the baselines.
And it could predict the reasonable trajectory for pedestrian.
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